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Abstract

Background

Myasthenia gravis (MG) is an autoimmune disease leading to fatigable muscle weakness.
Extra-ocular and bulbar muscles are most commonly affected. We aimed to investigate
whether facial weakness can be quantified automatically and used for diagnosis and disease
monitoring.

Methods

In this cross-sectional study we analyzed video recordings of 70 MG patients and 69 healthy
controls (HC) with two different methods. Facial weakness was first quantified with facial
expression recognition software. Subsequently, a deep learning (DL) computer model was
trained for classification of diagnosis and disease severity using multiple cross-validations
on videos of 50 patients and 50 controls. Results were validated using unseen videos of 20
MG patients and 19 HC.

Results

Expression of anger (p=0.026), fear (p=0.003) and happiness (p<0.001) was significantly
decreased in MG compared to HC. Specific patterns of decreased facial movement were
detectable in each emotion. Results of the DL model for diagnosis were as following: area
under the curve (AUC) of the receiver operator curve 0.75 (95% Cl 0.65-0.85), sensitivity 0.76,
specificity 0.76 and accuracy 76%. For disease severity: AUC 0.75 (95% Cl 0.60-0.90), sensitivity
0.93, specificity 0.63 and accuracy 80%. Results of validation, diagnosis: AUC 0.82 (95% Cl:
0.67-0.97), sensitivity 1.0, specificity 0.74 and accuracy 87%. For disease severity: AUC 0.88
(95% Cl: 0.67-1.0), sensitivity 1.0, specificity 0.86 and accuracy 94%.

Conclusions

Patterns of facial weakness can be detected with facial recognition software. Secondly, this
study delivers ‘proof of concept’ for a DL model that can distinguish MG from HC and
classifies disease severity.
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Introduction

Myasthenia gravis (MG) is an autoimmune disease characterized by fluctuating muscle
fatigability'. The prevalence of MG is low: approximately 1 to 2 per 10.000'. Although all
striated muscles can be involved, the extra-ocular muscles are most commonly affected"2.
Fluctuating asymmetric ptosis and diplopia are the first and predominant symptoms in a
majority of patients, followed by weakness of bulbar muscles, resulting in facial weakness,
amongst other symptoms" 3. The diagnosis of MG is based on typical clinical features in
combination with the presence of auto-antibodies against neuromuscular junction proteins,
abnormal clinical neurophysiological tests or a positive neostigmine test*. Despite its typical
semiology and a range of ancillary tests, diagnosing MG can be challenging. Up to 46% of
MG patients do not receive the correct diagnosis within the first year of onset®.

In addition, the fluctuating day-to-day severity of their muscle weakness is an issue of great
concern for all patients with MG. Disease exacerbations, which can involve impaired
breathing, leading to life-threatening situations, are almost always preceded by increased
bulbar muscle weakness or worsening of primary symptoms®. These concerns are
compounded by the fact that care for rare diseases is increasingly clustered in expert
centers, leading to prolonged travel times to the hospital. A personal digital disease
monitoring tool could improve outcomes by tracking symptoms and quality of life’”. Such a
tool could potentially be used for early detection or even prevention of exacerbations by
allowing patients to making timely adjustments to their immune suppressant medication?®.
Artificial intelligence (Al) applications are an area of intense medical research, particularly
to improve diagnosis and for home monitoring of disease severity®. However, to our
knowledge Al applications are relatively scarce in the field of neuromuscular disorders so
far and appear to be restricted to muscle imaging and gene profiling'®'4. Assessment of
facial weakness has thus far only been carried out in facial palsies and almost exclusively
on photographs'>2°. As facial features of MG patients are distinct from healthy subjects?’,
we hypothesized that a short video recording of MG patients contains information that can
be used both for diagnostic and monitoring purposes.

We aimed to 1) quantify and map patterns of facial weakness with the use of facial expression

recognition software and 2) to develop a deep learning (DL) computer model for diagnosis
and disease monitoring.
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Material and Methods

This study was conducted between May 2019 and September 2020 at the Department of
Neurology of the Leiden University Medical Center (LUMC), Leiden, the Netherlands and the
Technical University Delft, the Netherlands.

Standard protocol approvals, registrations and patient consents

The ethics committee of the LUMC approved the study protocol. Written consent was
obtained from all participants according to the declaration of Helsinki. A signed patient
consent form has been obtained for publication of recognizable photographs.

Participants

Seventy MG patients and 69 age- and gender matched healthy controls (HC) were recruited
from the Neurology outpatient clinic of the LUMC. Inclusion criteria were: age > 18 years.
Diagnosis of MG was based on clinical signs or symptoms supportive of MG and at least
one of the following: a positive serologic test for AChR or MuSK antibodies and/or a
diagnostic electrophysiological investigation supportive of the diagnosis myasthenia gravis
and/or a positive neostigmine test. Participants were excluded if they were unable to give
written informed consent or read Dutch or English video-instructions. Second, the presence
of other medical conditions affecting the facial muscles was an exclusion criteria: e.g. active
Graves' disease or unilateral facial paralysis. The use of corticosteroids was an exclusion
criteria in the healthy control group.

All participants were included for quantification and mapping of facial weakness with the
use of facial expression recognition software.

For the development of a DL model the first 50 MG patients and 50 HC were selected for
training of the model. For external validation the remaining 20 MG patients and 19 HC were
used.

Procedures

Videos were recorded with a 4K-camera in a standardized setting with assistance of the
researcher, present during the entire recording. The subject was seated in front of a green
screen with sufficient lighting. A computer screen displayed a slideshow of a model
portraying 24 different facial expressions, which participants were asked to mimic with
maximal intensity for the duration of each slide. The slideshow was accompanied by written
Dutch instructions; verbal instructions were given when necessary. The slideshow contained
the following expressions: neutral, eyes closed, right/left eye closed, eyes closed firmly,
anger, fear, happiness, surprise, disgust, sadness, showing teeth, raising eyebrows, mouth
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open, whistling, tongue protrusion (eight seconds each) and sustained gaze in eight
directions (30 seconds for left and right gaze, four seconds for the other directions). Disease
severity was measured using the quantitative MG score (QMG). All QMGs were performed
approximately one hour before the recording by an experienced nurse who was trained
and certified to perform QMG assessments. A QMG score of 0-9 was classified as mild and
a QMG score >9 as moderate-severe disease??. The first five items of the QMG score were
used as a degree of facial weakness (score 0-15). The current MG Foundation of America
(MGFA) A (limb predominant) or B (bulbar predominant) classification was retrieved from
patients’ medical files. The cumulative prednisone dosage over the six months prior to
participation was calculated because of the potential confounding effect of facial changes
due to corticosteroids.

Quantification and pattern mapping of facial weakness

Quantification and mapping of facial weakness was assessed using FaceReader facial
expression recognition software version 8 (Noldus Information Technology BV?3) on the
original video (resolution 3840x2160 pixels). This software classifies and quantifies the
perceived expression of six emotions: anger, fear, happiness, surprise, disgust and sadness,
by generating a numeric value between 0-1, every 80 ms throughout the video. Higher values
correspond with more pronounced expression. The software also quantifies 20 individual
action units (AUs, supplemental table 1) in a similar manner. AUs are part of the Facial Action
Coding System (FACS)*, developed for standardized assessment of facial behavior. Individual
AUs correspond with a specific facial movement, which is related to activation of a certain
muscle (E.g. AU1, movement: inner brow raiser, muscle: m. frontalis pars medialis.
Supplemental table 1). The AU represents both the left and right side of the face.

For this study we compared mean scores between MG patients and HC of all six emotions,
when prompted to mimic the corresponding emotion. Secondly, we compared median
scores of all 20 individual AUs between the two groups during the expression of these six
emotions. Both analyses were subsequently performed for disease severity.

Development of deep learning model

We used a three-dimensional (3D) convolutional neural network (CNN). The convolutional
kernel size in a two-dimensional (2D) CNN is N x N, corresponding to width and height (W
x H) of the image filter, where N determines the perception field in 2D. These 2D kernels
can only capture spatial information in an image, which can be sufficient for many large-
scale action recognition tasks?> 2. As muscle weakness temporally fluctuates in MG, we
added temporal information as a third dimension, yielding a 3D CNN. We adopted an
commonly used inflated 3D network (I13D)?” 28 for capturing information in the temporal
dimension T. The original settings were unaltered and available from the original sources?” 2,
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Different from a 2D CNN, the convolutional kernel in an 13D network is inflated to be N x
N x N, which matches three dimensions: time, width and height (T x W x H). We evaluated
three 2D CNN backbones into 13D architectures, namely ResNet-18, ResNet34 and
ResNet-50%°. The numbers indicate the depth of the ResNet architecture. Learned features
of videos were flattened by a fully connected layer and a Softmax activation function was
used to obtain the posterior probabilities P(7]|x) of an input x. Posteriors are the output
probabilities for each class of the neural network. The Cross-entropy loss measured the
quality of prediction y by comparing it to the ground truth label y. The model was optimized
by backpropagating the gradient of the Softmax loss function: L , =- log(P(7. | x)), where ¢
indicates the class label and n the number of classes. y, is the ground truth binary indicator
of class ¢ for input x.

To prevent overfitting, the model was pretrained using the Kinetics dataset®. Videos were
cut into clips containing one specific expression manually by human visual assessment.
Transition times between performed tasks were deleted. Duration of individual clips varied
from two to thirty-three seconds, with a mean of six seconds. Resolution of clips was
256x256 pixels and no cropping was applied. Clips were processed per 16 batches (i.e., the
gradients were aggregated and updated over 16 batches) and each batch contained 64
frames (frame rate video 32/sec), as the number of frames that can be processed in a batch
is limited by the computational memory. Each batch contained frames from a single clip.
Patient-level prediction was determined by the majority vote of all video clips per patient.
Performance of the network is sensitive to hyperparameters®*3?; we adopted the stochastic
gradient descent with momentum as optimizer with the learning rate 0.01 and weight decay
of 0.0001. We set the momentum parameter at 0.01.

For training, a three-fold cross-validation with a 2:1 split was applied for classification of
diagnosis, with MG patients as the true class. For disease severity, a four-fold cross-validation
with a 3:1 split was applied, with patients with QMG 0-9 as the true class. After completing
the training phase, the model was applied to a completely new and unseen dataset of videos
without any further modifications.

Comparison of the deep learning model and neurologists

Four neurologists specialized in neuromuscular disorders each rated 50 videos for diagnosis
using a visual analog scale, resulting in a probability score between zero and one. They
subsequently each rated 20 videos for disease severity (mild or moderate-severe disease)
in a similar way. Videos were selected semi-randomized by the researcher: at least 20 healthy
controls were included in the dataset for diagnosis. If a neurologist was familiar with a
subject, this specific video was excluded. Datasets therefore differed between neurologists,
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as different patients were excluded by each neurologist. The inter-rater reliability (IRR) scores
were calculated for videos rated by two or all four neurologists. Mean scores were calculated
if subjects were rated by more than one neurologist. Results of all four neurologists were
pooled for comparison with the results of the deep learning model.

Statistical analysis

Quantification of six emotions and 20 different AUs every 80 ms with FaceReader resulted
in 100 values between 0-1 for each individual AU and the emotion during the eight seconds
that this expression was maintained. This data was transcribed to an expression-based
time-weighted table in MATLAB (2020, MathWorks). To correct for potential outliers, 95t
percentile scores of emotions were calculated during performance of the corresponding
emotion, e.g. during expression of happiness, we calculated the 95" percentile score of the
FaceReader-derived score for “happiness”. Secondly, the 95" percentile score of each
individual AU was calculated during the performance of each emotion. Per video, this
resulted in one value for each emotion and six values for each of the 20 individual AU (one
for each of the six emotions).

Statistical analyses were performed using IBM SPSS Statistics version 25.0. Group data are
described by mean and standard deviation (+SD) for normally distributed data or median
and interquartile range [IQR] for all other data. Unpaired T-tests or Mann-Whitney U tests
were used for comparison between two groups, one-way ANOVA for >2 groups. Significance
was accepted at p<0.05. Performance was determined by creating a receiver-operating
characteristics (ROC) curve and determining the area under the curve (AUC), sensitivity,
specificity and accuracy. A logistic regression analysis with all FaceReader variables that
showed significant differences in the univariate analysis was performed to compare the
overall performance of FaceReader with the deep learning model. The design of this study
is exploratory, therefore we did not apply post-hoc correction for multiple testing.
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Results

Baseline characteristics

Baseline characteristics are presented in table 1. Baseline characteristics of participants did
not differ between videos assessed by the deep learning model and neurologists or between
individual neurologists (supplemental table 2). Figure 1a-f shows screenshots of two
expressions (neutral and left gaze) of three different participants: a HC, an MG patient with
mild disease and one with moderate-severe disease.

Figure 1. Video screen shots of three different participants.

a, b: Healthy control; ¢, d: MG patient with mild disease (total QMG score 9): slight right-sided ptosis; e, f: MG
patient with moderate-severe disease (total QMG score 24): severe bilateral ptosis, compensatory raising of
eyebrows, ophthalmoplegia, lower facial weakness.
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Quantification and mapping of facial weakness

The mean FaceReader-derived scores of the emotions anger, fear and happiness were
significantly lower during the expression of these specific emotions in patients with MG,
compared to HC (table 2, figure 2).

Figure 2. Receiver-operating curves of emotions anger, fear and happiness in myasthenia gravis compared to
healthy controls.

130



Assessingfacialweaknessinmyastheniagraviswithfacialrecognitionsoftwareanddeeplearning

Table 2. Quantification of six emotions in myasthenia gravis patients versus healthy controls (upper part
table) and mild versus moderate-severe disease (lower part table).

Facial expression Myasthenia gravis patients Healthy controls p-value
(n=70) (n=69)
Anger, mean +SD 0.33 £0.26 0.45 +0.32 0.026
Fear, mean +SD 0.12 £0.21 0.24 £0.27 0.003
Happiness, mean +SD 0.59 +0.35 0.80 +0.27 <0.001
Surprise, mean +SD 0.44 +0.34 0.40 £0.34 0.422
Disgust, mean +SD 0.42 +0.31 0.45 +0.35 0.604
Sadness, mean +SD 0.42 +0.34 0.49 +0.34 0.263
Facial expression Mild disease Moderate severe disease p-value
(n=39) (n=28)
Anger, mean +SD 0.32 £0.24 0.33£0.28 0.906
Fear, mean +SD 0.15 £0.25 0.09 £0.14 0.224
Happiness, mean +SD 0.65 +0.32 0.53 +0.37 0.160
Surprise, mean +SD 0.46 +0.35 0.43 £0.35 0.750
Disgust, mean +SD 0.49 £0.29 0.34 £0.32 0.054
Sadness, mean +SD 0.41 £0.33 0.43 +0.34 0.837

The AUC of the ROC curve of “anger” was 0.60 (95% Cl 0.51-0.70). Sensitivity was 0.66,
specificity was 0.54 and accuracy reached 58%. For “fear” the AUC of the ROC curve was
0.64 (95% Cl 0.55-0.74). Sensitivity was 0.62, specificity 0.62 and accuracy reached 54%. For
“happiness” the AUC was 0.71 (95% Cl 0.62-0.79). Sensitivity was 0.75, specificity was 0.65
and accuracy reached 70%. There were no significant differences in mean scores of
expressed emotions between patients with mild and moderate-severe disease (table 2).
There was, however, a significant negative correlation between the expression of “disgusted”
and the QMG score (-0.28, p=0.045).

Figure 3 summarizes all AUs that differed significantly between MG and HC during expression
of the six emotions. Raw scores are available in supplemental table 3.

The following differences were observed between MG patients and HC. During expression
of anger, brows were lowered less (AU4), lips were pressed and tightened less (AU23, 24)
and eyelids were lowered more (AU43). During the expression of fear: brows were lowered
less (AU4), eyelids were tightened more (AU7), the upper lip was raised more (AU10) and
eyelids were lowered more (AU43). During the expression of happiness: cheeks were raised
less (AUS), lip corners were pulled up less (AU12) and lips parted less (AU25). During the
expression of surprise: the outer parts of the brows were raised less (AU2), cheeks were
raised less (AU6), lip corners were pulled up less (AU12), lips parted less (AU25) and the
mouth was stretched more (AU27). During the expression of disgust: brows were lowered
less (AU4) and eyelids were lowered more (AU43). Sadness: eyelids were lowered more
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(AU43). Logistic regression on the emotions and AUs with a significant difference between
MG and HC, yielded a accuracy of 77%. The extensive output table, including individual odd
ratios is available as supplemental table 4.

When comparing patients with moderate-severe disease to mild disease (supplemental
table 3): during expression of happiness: cheeks raised less (AU6) and lip corners pulled up
less (AU12). Disgust: lips parted less (AU25). Sadness: cheeks raised less (AU6). A negative
correlation with QMG score was present for: anger AU6 (-0.274, p=0.025), happiness AU6
(-0.326, p=0.007), surprise AU6 (-0.293, p=0.017), sadness AUG6 (-0.306, p=0.012). Logistic
regression on the AUs with a significant difference between the two severity groups, yielded
an accuracy of 77%. The extensive output table, including individual odd ratios is available
as supplemental table 5.

Figure 3. Patterns of weakness in myasthenia gravis during the expression of six emotions.
In red: decrease in AU compared to HC, in blue: increase in AU compared to HC. Smaller images on the right
of each emotion show the individual AU with the corresponding movement.

Deep learning model

Highest performance was achieved using a 3D ResNet-50 for diagnosis and a 3D ResNet-34
for disease severity. Results of the multiple cross-validation on the training set were as
follows: for diagnosis, the AUC was 0.75 (95% Cl 0.65-0.85). Sensitivity and specificity were
both 0.76, accuracy reached 76%. For disease severity, the AUC was 0.75 (95% Cl 0.60-0.90).
Sensitivity 0.93, specificity 0.63 and accuracy reached 80%. Of the incorrect classifications,
78% was incorrectly classified as mild disease severity. According to their MGFA classification:
1 (14%) was class | (pure ocular), 29% class A and 57% was class B (p=0.828). The remaining
22% was incorrectly classified as moderate-severe disease severity. All were MGFA class 0
(remission) according to their medical file. Overall, 44% of incorrect classifications occurred
in MGFA class B, 33% in class 0/1 and 22% in class B (p=0.450).
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Figure 4. ROC curves deep learning model and neurologists. A: results for diagnosis, B: results for disease
severity.

Application of the trained model to an unseen validation set of MG patients and HC yielded
the following results (figure 4): for diagnosis, AUC was 0.82 (95% Cl: 0.67-0.97). Sensitivity
1.0, specificity 0.74 and accuracy reached 87%. AUC for disease severity was 0.88 (95% Cl:
0.67-1.0); sensitivity 1.0, specificity 0.86 and accuracy reached 94%. Only one incorrect
classification occurred in the moderate-severe disease severity group, which was an MGFA
class A patient.

Neuromuscular neurologists

Mean probability scores were calculated from results of all four neurologists combined. For
diagnosis, AUC was 0.71 (95% Cl: 0.61-0.82) (figure 4). Sensitivity and specificity were 0.69
and 0.67, respectively; accuracy reached 68%. AUC for disease severity was 0.63 (95% Cl:
0.47-0.78). Sensitivity and specificity were 0.68 and 0.57, respectively, accuracy reached 63%.
Of the incorrect classifications, 71% was incorrectly classified as mild disease severity.
According to their MGFA classification: 35% was class 0 or I, 20% was class A and 45% was
class B (p=0.368). The remaining 29% was incorrectly classified as moderate-severe disease
severity. According to their MGFA classification: 50% was class 0 or |, 13% was class A and
38% was class B (p=0.461). Overall, 43% of incorrect classification occurred in MGFA class
B, 39% in class 0/1 and 18% in class B (p=0.125)

Performances of individual neurologists are displayed in figure 5 and supplemental table
6. For classification of diagnosis, only 18 videos were assessed by all four neurologists. The
IRR for this subset, was 0.214. For disease severity, no videos were rated by all four
neurologists. IRR for videos rated by two neurologists are displayed in table 3.
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Figure 5. ROC curves individual neurologists. A results for diagnosis, B: results for disease severity. Neurologist
1 not plotted in B because of AUC <0.5.

Table 3. interrater-reliability scores for videos rated by two neurologists. Upper right part for classification of
diagnosis, lower left part for classification of disease severity. N = the number of videos rated by both
neurologists.

Neurologist 1 Neurologist 2 Neurologist 3 Neurologist 4

Neurologist 1 P 0418 (1=29) 0.138 (n=21) 0.528 (n=29)
Neurologist 2 NA (n=1) P 0513 (n=29) 0.592 (n=50)
Neurologist 3 NA (n=0) -0.244 (n=4) P 0.584 | (n=29)

Neurologist 4 NA (n=1) 0.316 (n=20) 0.239 (n=4)

Discussion

To our knowledge, this is the first study using advanced computer analytics to quantify facial
weakness in MG. We show that in a large group of chronic MG patients with relatively low
QMG scores, overall weakness of facial muscles is a common occurrence. This is in
accordance with previous research, which showed that more than 60% of MG patients
reported facial weakness, dysarthria, and/ or weakness with chewing or swallowing?. This
weakness can be quantified with the use of facial expression recognition software? and
could potentially serve as a diagnostic tool and a biomarker for disease severity. In addition,
a DL model trained on video data of facial expressions was capable of recognizing patients
with MG and classifying disease severity with high accuracy.

Quantification of facial weakness

MG patients had a reduced expression of the emotions anger, fear and happiness, most
likely due to weakness of the facial muscles. Facial expression is similarly affected in facial
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palsies and facioscapulohumeral dystrophy and affects social interaction' 3334, The effect
of impaired facial expression on non-verbal communication in MG has not been previously
studied. However, a negative impact on daily interaction and communication is to be
expected. In five out of six emotions, activity was decreased in one or more AUs necessary
to maintain that specific expression, e.g.: pulling of the lip corners was less pronounced
during expression of happiness (AU12). Typical MG facial weakness was present in two-third
of emotions: an increase in AU43 (eye closure), which was likely affected by ptosis.
Unfortunately, FaceReader was not able to provide information on gaze deviations, which
typically occur during persistent gaze®.

FaceReader showed few differences between mild and moderate-severe disease, but AU6,
corresponding to action of the cheek raiser or m. orbicularis oculi was significantly lower
during two emotions in moderate-severe compared to mild patients and negatively
correlated with the QMG score in four emotions. Weakness of the m. orbicularis oculi is
common in MG? and AU6 could therefore be a potential biomarker for disease severity.
However, we did not correct for multiple testing in this exploratory study and this would
require further validation in a longitudinal study.

Comparison with previous studies on facial weakness

Previous publication on facial imaging in neuromuscular disorders have focused on facial
palsies’™ 836 and commonly used photographs. Only one study used facial expression
analysis software on video data for the quantification of basic facial expressions'. Facial
imaging has also been used for diagnosis of genetic disorders®°. In these studies,
photographs were used to identify specific disorders based on typical facial dysmorphias.
To our knowledge, no previous published study has made use of the temporal dimension
in videos for the development of a DL model to assess facial movement and weakness in
neuromuscular disorders. The main benefit of using videos over photos is the ability to
capture typical effort-dependent weakness of facial muscles in MG. Ptosis is present in 66%
of MG patients. It takes, on average, 28 seconds to develop and it is more likely to become
apparent on video recordings than on photographs.

For both diagnosis and classification of disease severity, the DL model performed better
than four specialized neuromuscular neurologists, combined or individually. It should be
noted that we asked both the model and the neurologists to assess an isolated phenomenon
without any clinical context: a video of facial expressions. This differs significantly from
clinical practice, in which a detailed history, physical examination and ancillary tests are
essential elements for establishing the diagnosis. This is both a strength and weakness of
our study. On one hand, it shows that assessment of a facial video alone could potentially
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be sufficient to reach a diagnosis or estimate disease severity, although this would likely
require an improved model, based on data from different populations and centers and a
model trained to distinguish MG patients from disease controls. On the other hand, the
inclusion of additional information would likely lead to even better results and would result
in a more relevant comparison of the diagnostic performance of the DL model and clinical
experts.

Interestingly, the diagnostic accuracy of the neurologists assessing facial videos was lower
and showed more variation than expected. This may have been caused by the fact that
neurologists were asked to perform an unfamiliar task: to assess an isolated phenomenon
on a standardized video with no sound without any clinical context such as the patients
history, physical examination or results from additional investigations. There were no
differences in the occurrence of incorrect classifications between patients with a limb or
bulbar predominant disease pattern, not for the DL model as well as the clinical experts.
Applying a multivariate logistic regression analysis on all emotions and AUs with a significant
difference, yielded similar results as the DL model during training: 77% versus 76% for
diagnosis and 77% versus 80% for disease severity. However, validation of the DL model on
unseen videos achieved higher accuracies. It would be of interest if the FaceReader software
could detect differences in weakness over time.

Potential clinical applications

For diagnostic purposes, results of the DL model should be considered a ‘proof of concept’
as we included a relatively small number of MG patients from one center and no patients
with other causes of facial weakness or ‘MG-mimics’, with and without steroids, such as
facial nerve palsy, oculopharyngeal muscular dystrophy, motor neuron disease and chronic
progressive external ophthalmoplegia. These limitations preclude the use of the current
model in clinical practice.

For monitoring purposes, automated classification of disease severity that could be used
by patients themselves in addition to standard care, could potentially lead to an improvement
of clinical care. It could reduce the need to travel long distances for control visits, assist
patients in adapting the dose of their maintenance medication according to prespecified
personalized rules and potentially avoid hospitalization by immediately starting emergency
treatment in case of an alarming deterioration. In this exploratory study have demonstrated
that facial weakness is quantifiable in videos using facial expression recognition software.
In addition, results of the DL model show that binary classification of disease severity is
possible with high accuracy. Our results suggest that the degree of facial movements, as a
reflection of facial weakness, is a good predictor for overall muscular weakness. This
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supports the use of facial weakness to assess disease severity in MG. However, two
important limitations remain: our results were obtained on a dichotomous classification
instead of the continuous QMG score. Furthermore, these results should be validated in a
longitudinal study to investigate the ability to detect changes within individuals.

Limitations

Identifying the elements in the data used by convolutional neural networks for classification
is not straightforward. Although techniques such as class activation mapping have been
developed to identify areas of interest in still images*, class activation mapping algorithms
for video data were not available at the time of these experiments. However, as all external
factors (lighting, green screen, camera angle) were standardized, classification could not
have been based on anything other than the face and its movement. In addition, automated
analyses with FaceReader demonstrated quantifiable differences in facial expressions on
which a deep learning could be trained.

Unexpectedly, performance of the current DL model was better on the unseen validation
set than on the original training set. This is a surprising finding because the purpose of the
additional validation set was to test whether training results could be reproduced with
unseen data, not to further improve the model. There are two possible explanations for
this finding. The QMG score of patients with moderate-severe disease was significantly
higher in the dataset used for validation compared to the training set. This potentially made
it more easy to detect a difference in disease severity or to discriminate patients from HC
in this dataset. Alternatively, the observed higher diagnostic yield may have been a spurious
result caused by the relatively small sample-size of the validation set. Given the rarity of
MG, this was the maximum number of patients we were able to include within a reasonable
time frame.

Finally, because of the exploratory nature and relatively small sample size of this study, no
covariates were used in the analysis. However, several covariates that affect the performance
of facial recognition algorithms have been identified*'. These covariates include age, sex
and ethnicity. In short, older people are easier to recognize by facial recognition software
than younger people*'. There is also an effect of sex on the accuracy of facial recognition
software but there is disagreement whether men or women are more easily recognized,
and this effect decreases with increasing age*'. Ethnicity can affect the performance of facial
recognition software as ethnic differences in facial characteristics may lead to different
results. Furthermore, an algorithm trained on a specific ethnic group may yield incorrect
results when applied to people of a different background*'. Participants included in this
study were a reflection of the Dutch population and therefore mostly of European descent,
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although this was not formally assessed. Therefore, caution is advised when extrapolating
these results to patients groups of other ethnicities.

Due to the exploratory nature of this study, we did not apply a post-hoc correction. A post
hoc Bonferroni correction on the quantification of facial weakness (FaceReader) would have
resulted in significance levels of 0.0004 for the AUs and 0.008 for the six emotions.
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Supplemental files

Supplemental table 1. Action units according to Facial Action Coding System.

Action Name Corresponding facial muscle(s)

unit

01 Inner brow raiser M. frontalis (pars medialis)

02 Outer brow raiser M. frontalis (pars lateralis)

04 Brow lowerer M. depressor glabellae, m. depressor supercilli, m. corrugator supercilli
05 Upper lid raiser M. levator palpebrae superioris, m. superior tarsalis

06 Cheek raiser M. orbicularis oculi (pars orbitalis)

07 Lid tightener M. Orbicularis oculi (pars palpebralis)

09 Nose wrinkler M. levator labii, superioris alaeque nasi

10 Upper lip raiser M. levator labbii superioris (caput infraorbitalis)

12 Lip corner puller M. zygomaticus major

14 Dimpler M. buccinator

15 Lip corner depressor M. depressor anguli oris

17 Chin raiser M. mentalis

18 Lip pucker M. incisivus labii superioris/inferioris

20 Lip stretcher M. risorius, m. platysma

23 Lip tightener M. orbicularis oris

24 Lip pressor M. orbicularis oris

25 Lips part M. depressor labii inferioris; relaxation m. mentalis/ m. orbicularis oris
26 Jaw drop Relaxation m. masseter, m. temporalis, m. pterygoid internus
27 Mouth stretch M. pterygoids, m. digastricus

43 Eyes closed Relaxation m. levator palpebrae superior

Supplemental table 2. Baseline characteristics of patients assessed by neurologists versus deep learning
model (validation)

a first p-value represents deep learning model versus pooled neurologists, second value represents between
individual neurologists

Deep learning
model
neurologists
Neurologist 1
Neurologist 2
Neurologist 3
Neurologist 4

Pooled
P-value?®

Age, mean +SD 51.7+13.6 538+16.5 529+16.2 53.8+17.3 54.7+153 53.8+17.3 0.461;0.961

Total QMG score,

mean +SD 11+6.7 93+4.4 9.2+4.6 9.0+3.8 10.2+56 9.0+3.8 0.329; 0.810
- % mild 55.6% 55.7% 55% 60% 47.4% 60% 0.991; 0.840
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Supplemental table 3. Significant individual action units (median [IQR]) per basic emotion

Emotion Action MG HC Activity action unit P-value
unit median [IQR] median [IQR] in MG
Anger 4 0.32[0.13-0.54] 0.50 [0.23-0.76] Decrease 0.002
23 0.00 [0.00-0.00] 0.00 [0.00-0.03] Decrease 0.032
24 0.00 [0.00-0.00] 0.00 [0.00-0.02] Decrease 0.028
43 0.01[0.00-0.13] 0.00 [0.00-0.04] Increase 0.042
Fear 4 0.01 [0.00-0.16] 0.06 [0.00-0.19] Decrease 0.041
7 0.00 [0.00-0.10] 0.00 [0.00-0.01] Increase 0.024
10 0.00 [0.00-0.02] 0.00 [0.00-0.00] Increase 0.025
43 0.00 [0.00-0.01] 0.00 [0.00-0.00] Increase 0.002
Happiness 6 0.10[0.02-0.21] 0.15[0.07-0.32] Decrease 0.024
12 0.30[0.09-0.53] 0.55 [0.38-0.72] Decrease <0.001
25 0.25[0.00-0.84] 0.77 [0.23-0.93] Decrease 0.001
Surprise 2 0.13[0.00-0.37] 0.27 [0.01-0.62] Decrease 0.045
6 0.00 [0.00-0.00] 0.00 [0.00-0.02] Decrease 0.022
12 0.00 [0.00-0.10] 0.07 [0.00-0.20] Decrease 0.002
25 0.34[0.22-0.65] 0.56 [0.25-0.83] Decrease 0.046
27 0.00 [0.00-0.09] 0.00 [0.00-0.00] Increase 0.050
Disgust 4 0.11 [0.00-0.24] 0.17 [0.07-0.39] Decrease 0.039
43 0.00 [0.00-0.09] 0.00 [0.00-0.00] Increase <0.001
Sadness 43 0.01 [0.00-0.14] 0.00[0.00-0.03] Increase 0.006
Emotion Action Mild disease Moderate-severe Activity action unit P-value
unit median [IQR] disease in moderate-
median [IQR] severe MG
Happiness 6 0.18 [0.08-0.25] 0.06 [0.00-0.16] Decrease 0.002
12 0.43[0.21-0.56] 0.20 [0.01-0.44] Decrease 0.032
Disgust 25 0.30[0.00-0.74] 0.03 [0.00-0.25] Decrease 0.030
Sadness 6 0.04 [0.00-0.10] 0.00[0.00-0.01] Decrease 0.011
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Supplemental table 4. Variables in logistic regression myasthenia gravis versus healthy controls

Variable B S.E. Wald Sig. Exp(B)
Anger -0,357 1,013 0,124 0,725 0,700
Fear -0,901 1,113 0,655 0,418 0,406
Happiness 1,609 1,549 1,078 0,299 4,995
Anger AU4 0,051 1,084 0,002 0,962 1,053
Anger AU23 0,575 4,337 0,018 0,894 1,778
Anger AU24 -1,391 4,06 0117 0,732 0,249
Anger AU43 -0,166 2,545 0,004 0,948 0,847
Fear AUO4 -6,637 2,775 5719 0,017 0,001
Fear AUO7 8,554 3,373 6,432 0,011 5184,996
Fear AU10 5,366 4,262 1,585 0,208 213,905
Fear AU43 6,493 6,578 0,974 0,324 660,772
Happiness AUO6 2,422 2,122 1,302 0,254 11,263
Happiness AU12 -7,806 2,807 7,736 0,005 0,000
Happiness AU25 -0,439 0,885 0,246 0,620 0,645
Surprise AU02 -0,696 0,859 0,657 0,418 0,499
Surprise AU06 -18,493 8,955 4,265 0,039 0,000
Surprise AU12 -0,295 2,53 0,014 0,907 0,745
Surprise AU25 1,026 1111 0,853 0,356 2,790
Surprise AU27 2,22 1,395 2,531 0,112 9,207
Disgust AU0O4 2,139 1,519 1,984 0,159 8,493
Disgust AU43 11,676 5,809 4,04 0,044 117697,142
Sadness AU43 -1,242 3,229 0,148 0,700 0,289
Constant 1,486 0,732 4,124 0,042 4,418
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Supplemental table 5. Variables in logistic regression patients with mild versus moderate-severe disease

Variable B S.E. Wald Sig. Exp(B)
Happiness AUO6 -8,646 3,811 5147 0,023 0,000
Happiness AU12 -0,448 1,337 0,112 0,738 0,639
Disgust AU25 -2,764 1,215 5,175 0,023 0,063
Sadness AUO6 -4,892 5,554 0,776 0,378 0,008
Constant 1,888 0,671 7,912 0,005 6,605

Supplemental table 6. Performance of neuromuscular neurologists.

Accuracy
Sensitivity; specificity

Diagnosis Disease severity
Neurologist 1 72.7% 57.9%

0.72;0.74 0.63; 0.44
Neurologist 2 64.0% 60.0%

0.63; 0.52 0.58; 0.63
Neurologist 3 61.2% 73.7%

0.60; 0.63 0.78;0.70
Neurologist 4 76.0% 75.0%

0.78; 0.74 0.92; 0.50
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